Abstract. -Recently, we have developed a method based on discrete wavelets to characterize the correlation and scaling properties of non-stationary time series. This approach is local in nature and it makes use of wavelets from the Daubechies family for detrending purpose. The natural built-in variable windows in wavelet transform makes this procedure well suited for the non-stationary data. We analyze daily price of NASDAQ composite index for a period of 20 years, starting from 11- Oct-1984 to 24-Nov-2004, and BSE sensex index, over a period of 15 years, starting from 2-Jan-1991 to 12-May-2005. We find that the present wavelet based analysis clearly reveals long-range correlation as well as multifractal behavior for both the stock index values, which differ from each other significantly.
coefficients of wavelet transform. The discrete wavelet transform provide a handy tool for isolating the trend in a non-stationary data set, because of its built-in ability to analyze data in variable window sizes.
In this note, we analyze returns of stock index values through our new wavelet based method. Multi-fractal properties are also investigated using multi-fractal spectrum. The new wavelet based procedure is explained through the following steps. Note that the steps are very similar to those in MF-DFA [9] , except that in order to detrend, we use wavelets and MF-DFA uses local polynomial fits. From the financial (NASDAQ composite index and BSE sensex) time series x(t), we first compute the scaled returns defined as,
here σ is the standard deviation of x(t). From the returns, the signal profile is estimated as the cumulative,
Next, we carry out wavelet transform on the profile Y (i) to separate the fluctuations from the trend by considering precise values of window sizes W corresponding to different levels of wavelet decomposition. We obtain the trend by discarding the high-pass coefficients and reconstructing the trend using inverse wavelet transform. The fluctuations are then extracted at each level by subtracting the obtained time series from the original data. Though the Daubechies wavelets extract the fluctuations nicely, its asymmetric nature and wrap around problem affects the precision of the values. This is corrected by applying wavelet transform to the reverse profile, to extract a new set of fluctuations. These fluctuations are then reversed and averaged over the earlier obtained fluctuations. These are the fluctuations (at a particular level), which we consider for analysis. In Figs. 1 and 2 , we give the time series for the two index data sets, and the corresponding returns. We also show shuffled returns for the two series to examine the correlation as well as "bursty" (clustering) behaviour.
The extracted fluctuations are subdivided into non-overlapping segments M s = int(N/s) where s = 2 (L−1) W is the wavelet window size at a particular level L for the chosen wavelet. Here W is the number of filter coefficients of the discrete wavelet transform basis under consideration. For example, with Db-4 wavelets, s = 4 at level 1 and s = 8 at level 2 and so on. It is obvious that some data points would have to be discarded, in case N/s is not an integer. This causes statistical errors in calculating the local variance. In such cases, we have to repeat the above procedure starting from the end and going to the beginning to calculate the local variance.
The q th order fluctuation function F q (s) is obtained by squaring and averaging fluctuations over all segments:
Here 'q' is the order of moments that takes real values. The above procedure is repeated for variable window sizes for different values of q (except q = 0). The scaling behavior is obtained by analyzing the fluctuation function,
in a logarithmic scale for each value of q. If the order q = 0, direct evaluation Eq. (3) leads to divergence of the scaling exponent. In that case, logarithmic averaging has to be employed to find the fluctuation function.
As is well-known, if the time series is monofractal, the h(q) values are independent of q. For multifractal time series the h(q) values depend on q. The correlation behavior is characterized from the Hurst exponent (H = h(q = 2)), which varies from 0 < H < 1. For long range correlation, H > 0.5, H = 0.5 for uncorrelated and H < 0.5 for long range anti-correlated time series.
In our wavelet based analysis, the cumulative of this stock returns have been subjected to a multi-level decomposition. The present procedure of extracting fluctuations through detrending is illustrated in Figs. 3 and 4 . The scaling exponent is calculated for various values of q for both the stock index values. Figs. 5 and 6, show the way h(q) and τ (q) vary with q for the returns and shuffled returns of the two time series. The non-linear behaviour of h(q) for different q values, is the measure of multifractality. The scaling behavior of the observed data sets can also be studied by evaluating f (α) spectrum. f (α) values are obtained from Legendre transform of τ (q): f (α) ≡ qα − τ (q), where α ≡ dτ (q) dq . For monofractal time series, α = const., whereas for multifractal time series there occurs a distribution of α values. The f (α) spectra for the two time series are shown in Figs. 7 and 8. For the unshuffled returns, one observes a broader spectrum, whereas for the shuffled returns, where the correlation is lost, the same is narrower.
The semi-log plot of distribution of logarithmic returns of NASDAQ composite index values is shown in Fig. 9 . It exhibits fat tails and non-Gaussian features. In case of BSE sensex, the semi-log plot of distribution of logarithmic returns shows fat tails, which are less prominent. The distribution is quite similar to Gaussian white noise, revealing distinct differences between NASDAQ composite index and BSE sensex values. Although correlation is present in the two time series, they reveals distinct probability distributions once the correlation is removed.
In conclusion, the wavelet based method presented here is found to be quite efficient in extracting fluctuations from trend. It's fast in computation and reliable for non-stationary data. Unlike our previous approach [?], only one wavelet basis has been employed here to extract both small and large fluctuations. 
